Abstract-This paper proposes a method to predict the external efforts exerted on a subject during handling tasks, only with a measure of his motion. These efforts are the contacts forces and moments on the ground and on the load carried by the subject. The method is based on a contact model initially developed to predict the ground reaction forces and moments. Discrete contact points are defined on the biomechanical model at the feet and the hands. An optimization technique computes the minimal forces at each of these points, satisfying the dynamic equations of the biomechanical model and the load. The method was tested on a set of asymmetric handling tasks performed by 13 subjects and validated using force platforms and an instrumented load. For each task, predictions of the vertical forces obtained an RMSE of about 0.25 N/kg for the feet contacts and below 1 N/kg for the hand contacts. L5/S1 joint moments were then computed using the predicted and the measured data. RMSE of 18 Nm and rRMSE below 10% were obtained for the flexion/extension component. In conclusion, this method enables to quantitatively assess asymmetric handling tasks on the basis of kinetics variables without additional instrumentation, such as force sensors, and thus improve the ecological aspect of the studied tasks. This method has a great potential to be applied in work tasks analyses in ergonomics studies or sports gestures analyses involving hand contacts in exercise science.
I. INTRODUCTION

I
NVERSE dynamics is a classical analysis tool used to study work tasks at a biomechanical level. In particular handling tasks are one of the core tasks to study in workplace ergonomics since this is one of the most constraining motion to realize in a work situation [1] . Indeed, these tasks are particularly prone to musculoskeletal disorders. In such tasks, the studied biomechanical variables are based on the kinematics (for example the postural asymmetries or the lumbar spine flexion) and based on the kinetics (for example forces and moments in the lumbar spine [2] - [4] ). In addition to motion capture data used to compute the kinematics variables, estimation of joint moments and muscle forces requires the knowledge of the contact forces. Most of the studies concerning handling tasks are based on a bottom-up approach using force platforms to measure the ground reaction forces and moments (GRF&M). The use of such devices affects the ecological aspect of the tasks by constraining the field of acquisition to the force platforms. Similarly, the instrumentation of the loads with force sensors limits the tasks to be studied since the subject must only use instrumented handles.
Numerous studies predicted the external efforts using only motion data. Generally, the external efforts were limited to the GRF&M. The use of dynamics equations with the application of a top-down approach is limited by the fact that the inverse dynamics problem is undetermined during the double support phase. Three approaches were proposed in the literature to solve this issue: empirical functions [5] , [6] , machine learning [7] , [8] and contact models.
First, empirical functions were used to distribute the weight under the feet [5] . A method based on the zero moment point was proposed to predict the point of application acting of each foot [6] . This approach is very simple to apply but is limited to the GRF&M prediction on gait motion.
Second, the use of machine learning methods was proposed on static posture, gait and asymmetric movements [7] , [8] . The estimation of GRF&M for one side was carried out with a neural network and by using the dynamics equations on the other side. On the same basis, a set of sidestep motions was used to establish a link between the motion and the GRF&M [9] . Then, the use of a regression method allowed the GRF&M to be predicted using only the motion. These methods, based on a learning phase, have the disadvantage to require a considerable set of motions representative to the studied one and thus are only applicable to standardized tasks.
Third, a contact model with optimization techniques was used to solve the indeterminacy [10] - [12] . The method added a set of artificial muscle-like actuators under each foot of a musculoskeletal model. These additional actuators were considered in a similar way as the muscles of the model in the muscle recruitment algorithm. The optimization problem found muscle forces which minimize a cost function by satisfying the dynamics equations. The GRF&M corresponded to the forces contained in the artificial muscle-like actuators. A validation on activities of daily living and on sports-related movements was done [10] - [12] . However, this approach was not validated on handling tasks and was limited to the estimation of GRF&M.
Prediction of external efforts with other contacts than feet on the ground was applied to sit-to-stand tasks [13] , [14] . The contacts were feet, hands and buttocks. On a planar study, each of the 3 contact points was associated to a force and a moment. Based on the same idea as defined before, an optimization problem computed the external efforts by minimizing a cost function and by satisfying the dynamics equations. However, this work was limited to a 2D study. Handling tasks composed of a large part of asymmetric movements should be analyzed with a 3D study. Elsewhere, load contact forces and moments (LCF&M) were predicted based on the motion during symmetrical lifting tasks [15] . However, GRF&M were measured through force platforms in this study.
Thus, the aim of the current paper is to develop a prediction method of the GRF&M and the LCF based only on the subject motion during asymmetric handling tasks. This method estimates kinetics variables such as back loading during handling tasks based only on subject motion, improving significantly the ecological aspect of the experiments. The method proposes an estimation of the GRF&M and LCF based on optoelectronical motion capture data. Prior to this estimation, a step of identification of grip and deposit events and a step of load motion reconstruction are applied. The validation consists in, first, comparing the predicted GRF&M and the LCF to the measured ones and second, comparing predicted back loading (evaluated as the L5/S1 joint moments) to those computed from measured data. The results are detailed and discussed at the end of the paper.
II. MATERIALS AND METHODS
A. Experimental Procedures
13 male participants (age: 27 ± 7 years old, height: 177 ± 4 cm, mass: 73 ± 15 kg) participated in this study. All subjects signed an informed consent form before participation and an anonymization protocol was followed for data safeguarding. This study has been approved by a National Ethics Committee (Comité de Protection des Personnes, 2018-A00484-51). The task required to carry a load from one area to another. A set of three elementary movements was consider as a cycle. The first one was from area 1 to area 2, the second one from area 2 to area 3 and the third one from area 3 to area 1 ( Figure 1 ). The subject was asked to carry the load with the handles at a self-selected speed. The subject was also free to lift and move his feet as long as each foot stayed in contact with the associated platform (further details about the force platforms in the next section). Between every elementary movement, the subject went back to the initial position.
In the experiments, the load to carry was a custom instrumented load (42cm × 27cm × 18cm) of 6.9 kg equipped with two handles (Figure 2) . A 6-axis force sensor allowed to measure the efforts at the contact of one of the hands. Additional loads could be added to vary the inertial parameters of the load (mass, position of the center of mass and inertia) resulting in different experimental conditions. Each subject completed two cycles with the standard load and two cycles with an additional load of 3 kg.
The experimental setup was composed of 47 motion capture markers ( Figure 1 ) placed on standardized anatomical landmarks as recommended by the International Society of Biomechanics [16] , [17] . Two markers were placed on each hand (third and fifth metacarpal) to improve their kinematics reconstruction. The location of these markers were chosen in order to minimize the discomfort of the subjects. Motion capture markers were recorded with a 16 cameras Vicon motion capture system at 200 Hz. Subjects stood over two AMTI 120 × 60 cm force platforms (1000 Hz), each supporting one foot. Nine additional markers were placed on the instrumented load to reconstruct its motion for the validation part ( Figure 2 ). All analog data acquisition was synchronized with the motion capture data using a single Vicon MX giganet box to collect the data and Nexus 2.6.1. to configure the synchronous channels.
The external efforts prediction method proposed in this study used only the position of the subject markers as experimental data. It also required additional parameters as the size and the mass of the subject and the inertial parameters of the load. The validation of the method used the position of the markers on the load, the GRF&M measured by the two force platforms, the LCF&M measured by the 6-axis force sensor and the video of the experiments. 
B. External Efforts Prediction
The external efforts acting on the subject during the tasks were the GRF&M and, when a load was carried, the LCF&M. The proposed method was composed of three successive steps:
1) detection of grip and deposit events to identify if the load was carried by the subject or not; 2) load motion reconstruction between a grip and a deposit event; 3) external efforts prediction based on the equations of motion applied to the subject or simultaneously to the subject and the load. The first two steps used only the positions of one marker on each hand. The third step used all the markers located on the subject.
1) Detection of Grip and Deposit Events:
The knowledge of the grip and deposit events was crucial since it allowed to distinguish phases where external efforts were applied on the hands or not. A statistical method based on a neural network has been used to evaluate, at any time, the probability to have a grip or a deposit event.
The neural network was only based on the position over time of one marker located on top of the right hand and one marker located on the top of the left hand (both on the third metacarpal). Five descriptors were used: the distance between the two markers, the velocity and the acceleration of the first marker and the velocity and the acceleration of the second one. Considering the instant t (allowing to evaluate the probability that this instant was an instant of grip or deposit), we used the input variables of a window of N instants centered on the instant t (N = 100 in this study). The velocities and the accelerations were computed with a 2-order finite-difference method. To improve this computation, the marker positions were filtered with a 4-th order Butterworth low pass filter with a cut-off frequency of 5 Hz and no phase shift [18] .
In the learning phase, the reference grip and deposit events (GE ref and DE ref ) were identified from a video record of the experiments. For each instant, the probability to have a grip or deposit event was defined by using a normal distribution centered on the reference events with a standard deviation σ ( Figure 3 ). After different tests, the value of 5σ was selected considering that an instant at a distance of more than 1 second from a reference instant had no chance to be a grip or deposit event (5σ corresponds to 1 second).
In the application phase, for a cycle containing one grip and one deposit event, the probability of a grip or deposit event at each instant was evaluated from the positions of markers on each hand with the neural network. The resulting curve was then filtered with a moving average of 100 frames (corresponding to 0.5 second). The grip and deposit events were thus identified as the frames corresponding to the 2 peaks with the highest prominence.
2) Load Motion Reconstruction: The use of the equations of motion applied to the load required the knowledge of its motion. With a prospective view to assess handling tasks as close as possible that it is done in workplace, this measurement with markers would be very difficult. Indeed, handlers carry out several stacked loads which prevent the use of markers. In this view, the method was based only on the subject motion. The load markers were used for the validation. The load motion was reconstructed from the positions of one marker on the right hand and one marker on the left hand (the same as those used for the identification of grip and deposit moments). The load motion reconstruction consisted in defining a coordinate system associated to the load (O l , x l , y l , z l ). The geometrical center of the load O l was defined as the center of the two markers. The z l direction was associated to the direction between the two markers. Moreover, we assumed that, during the handling task, there was no rotation of the load around z l . Thus, we defined x l as the projection of the vertical axis on a plane orthogonal to z l . The y l definition allowed to define a direct orthonormal coordinate system.
3) External Forces Prediction: For this step, we used a biomechanical model composed of 18 rigid segments (pelvis, lower trunk, upper trunk, head, clavicles, upper arms, lower arms, hands, upper legs, lower legs and feet) linked by 17 joints corresponding to 41 degrees of freedom (3 for the pelvis/lower trunk joint, 3 for the lower trunk/upper trunk joint, 3 for the neck, 3 for each the upper trunk/clavicles joint, 3 for each shoulder, 2 for each elbow, 2 for each wrist, 3 for each hip, 1 for each knee and 2 for each ankle). The geometrical parameters were subject-specific calibrated [19] . Body segment inertial parameters (BSIP) were computed from [20] . The joint coordinates q were computed in an inverse kinematics step [21] and then filtered with a 4-th order Butterworth low pass filter with a cut-off frequency of 5 Hz and no phase shift [18] . The prediction method considered the external efforts applied on the feet (GRF&M) and external efforts applied on the hands (LCF&M). The equations of motion used in the prediction were those applied to the subject and those applied to the load.
We defined a set of discrete contact points on the biomechanical model: N f points under each foot and N h points on each hand. For this study, N f = 14 and N h = 11 were selected (Figure 4) . These points were defined to map the contact area [10] , [12] . Two phases were then distinguished: the subject carried the load or not. The detection of grip and deposit events allowed to distinguish them.
When the subject did not carry the load, the prediction method was a classical GRF&M prediction method from the equations of motion applied to the subject. Thus, at each instant, the external efforts were the solution of the optimization problem (1), solved with a Sequential Quadratic Programming (SQP) method.
Where, by isolating the biomechanical model, M s (q) is the inertia matrix, C s (q,q) is the centrifugal and Coriolis force vector, G s (q) is the gravity force vector, λ s is the generalized internal force vector, E s is the generalized external force vector and F max i is the vector containing the maximal forces available for the contact point i. At each instant, we ensured that each actuator was sufficiently close to the floor and almost without motion [10] , [12] . The distance and velocity thresholds were respectively 0.02 m and 0.8 m/s. When a contact point was respecting the thresholds, the associated force was limited to 0.4 BW (Body Weight) and had to respect the Coulombs law of friction. A friction coefficient of 0.5 was used here [12] , [14] . The external force vector E s contained the external efforts F i applied on the feet.
When the subject carried the load, the prediction method took into account simultaneously the equations of motion applied to the subject and the equations of motion applied to the load. Thus, at each instant, the external efforts were the solution of the optimization problem (2), solved with a SQP method.
Where, by isolating the load, M l (q) is the inertia matrix, C l (q,q) is the centrifugal and Coriolis force vector, G l (q) is the gravity force vector and E l is the generalized external force vector. The maximal forces for contact points on the feet were the same as defined above. The external efforts vector E s contained the external forces applied on the feet and the external efforts vector E l contained the external forces applied on the hands. The predicted and the measured forces were filtered with a 4-th order Butterworth low pass filter with a cut-off frequency of 5 Hz and no phase shift.
The motion of the load used in the equations of motions described in equation (2) is the one obtained at the previous step. Inertial parameters of the load were estimated from its digital mock-up on which were applied the corresponding materials for both configurations (with and without the additional load).
C. L5/S1 Joint Moments Estimation
L5/S1 joint moments were estimated by using the predicted and the measured data with a recursive Newton-Euler algorithm [22] and a bottom-up approach. As measured efforts were available only for one of the hands, the L5/S1 moments were computed by using the GRF&M.
D. Data Analysis
Motion decomposition: To facilitate the results analysis, each movement was separated into elementary handling motions, which were divided in three phases: the subject was not in contact with the load, the subject carried the load and the subject was in contact with the load but without completely carrying it. As the method is less efficient in this latter phase due to the lack of information about contacts at the hands, it is defined as the uncertainty phase thereafter. The different periods were identified with a video analysis of the tasks by finding the instants of the first and the last contact between the subject and the load and the instants of the first and the last contact between the load and the ground. The reference grip and deposit events (used in the learning phase of the neural network) were defined as the middle of the associated uncertainty phase.
Evaluation of the grip and deposit events detection:
The identification of grip and deposit events contained a learning and an application phase. The method was validated with a leave-oneout cross validation. For each validation, all movements of one subject were excluded from the learning phase. It enabled to test if the method could be applied on a new subject (no participation to a previous study).
Evaluation of the load motion reconstruction: During phases where the subject carried the load, its motion reconstruction was compared to the motion of the markers placed on the load. The root-mean-square error (RMSE) of the distance and the orientation between the reconstructed and the markers-based coordinate systems was computed.
Evaluation of the external efforts prediction: Predicted GRF&M were compared to those measured by the force platforms. The predicted LCF on the right hand were compared to the experimental data given by the 6-axis force sensor. For each elementary movements the RMSE and the relative RMSE (rRMSE) (as defined by [23] ) were computed to compare the experimental and the predicted data. To improve the comparison to results reported in the literature, RMSE of forces (and moments) are presented in N (and Nm) and in N/kg (and Nm/kg). Even if external efforts were predicted throughout the motion, the uncertainty phases were not taken into account in this analysis, as discussed in the last part of this paper.
Evaluation of the L5/S1 joint moments estimation: L5/S1 joint moments computed with the predicted and with the measured data were compared. RMSE and rRMSE [23] along each axis are presented.
All the data was processed with CusToM (Customizable Toolbox for Musculoskeletal simulation) in Matlab [24] , in which was implemented the GRF&M prediction method.
III. RESULTS AND DISCUSSION
A. Detection of Grip and Deposit Events
The Figure 5 shows a representative example of an identification of grip and deposit events for one elementary movement. The orange areas corresponded to uncertainty phases where the subject was in contact with the load but without completely carrying it were identified with the video. Inside these phases the external forces prediction with the proposed method was not reliable. Therefore, it was necessary to detect the grip/deposit instants inside these phases. On the presented example, the grip and deposit events predicted by the neural network were consistent with the reference. In particular, all of them were inside the uncertainty phases.
By considering all the motions (156 elementary movements), 8 predicted grip or deposit events were outside the uncertainty areas (the average duration of the grip uncertainty period is 0.33 s (0.15) and 0.46 s (0.18) for the deposit uncertainty period). It corresponds to 2.5% of the 312 events to predict. For these 8 events, the interval between the predicted event and the uncertainty area was averaged to 0.04 s (±0.03). This error is low compared to the duration of the studied movements (between 4.8 and 10 seconds), which means that these events were close to the uncertainty area.
The chosen descriptors of the grip and deposit moments are therefore satisfactory and the method seems relevant and robust to get the current state of the task (carrying the load or not).
B. Load Motion Reconstruction
The RMSE of the reconstructed coordinate system of the load was 4.7 cm (±1.3) for its location and 4.2
• (±2.0) for its orientation, in comparison to the marker-based coordinate system. The distance error seemed important compared to the load dimensions. This is probably because, for the asymmetric tasks studied here, the grip differed between the two hands. The geometrical center of the load was not necessarily in the center of the two hand markers. Assumptions made about the orientation of the load seem satisfactory since the mean error was lower than 5
• . For the purpose of this study, the load motion reconstruction is an intermediate result for the prediction of contact forces. Thus, the influence of these errors are discussed in the following part of the paper.
C. External Efforts Prediction
A representative example of predicted and measured GRF&M and LCF is presented Figure 6 . It corresponds to one elementary movement of one subject. The relative error was the lowest on the vertical GRF which corresponds to the weight component. The weight transfer was well detected and estimated during the asymmetric task where all GRF were successively applied on each foot. The results in the carrying phase (between the two orange areas) seemed not to be affected by the contact efforts on the hands. Thus, vertical LCF was well predicted on feet.
The most important errors were observed on the medio-lateral forces. Concerning the forces on the feet, an offset was identified between the predicted and the measured data on more static phases: the predicted forces were close to zero whereas the measured forces were positive for the right foot and negative for the left. This is probably due to the fact that the subject generated some forces in this direction to improve his stability. As these efforts had no influence on his motion, the proposed method did not predict them. This trend is also visible on hands where the subject applied traction or compression forces to better grip the load. In the same manner, these forces were impossible to predict without additional sensors. This phenomenon had also been observed in the literature by [10] for deep squatting where correlation coefficient for the antero-posterior and medio-lateral forces were between 0.2 and 0.3.
Concerning the uncertainty phases, higher errors appeared (particularly visible on the vertical GRF under the right foot (Figure 6) ). In this phase, the subject had indirectly a contact with the ground or the table where the load was placed. This contact was not taken into account in the proposed method, generating prediction errors. Moreover, the low values of the measured sagittal LCM indicates that there was very few load rotation around the axis defined by the two hands. This seems to confirm the assumption made for the load motion reconstruction.
The Table I shows the mean RMSE and rRMSE between measured and predicted GRF&M and LCF for all the handling tasks of all the subjects. Considering the phases where no load were Fig. 6 . Representative example of predicted and measured GRF&M and LCF (this elementary movement consisted in carrying the load from area 3 to area 1 with an additional load of 3 kg). The blue curve corresponds to the measured data, the red one corresponds to the predicted data. The orange areas represent the uncertainty phases (identified with the video). Inside these areas, the subject was in contact with the load but without completely carrying it. carried, the results can be compared to the literature since only GRF&M were considered. The RMSE for the vertical forces was 17.9 N and 20.3 N for each foot, corresponding to 0.24 N/kg and 0.28 N/kg. These errors were lower than those presented in the literature for walking motions, whatever the prediction method: empirical functions [6] (0.90 N/kg), machine learning [7] (0.73 N/kg) or a contact model [10] (between 0.52 N/kg and 0.91 N/kg). The RMSE for the antero-posterior axis was below 0.10 N/kg since the efforts values were very low due to the performed tasks. The medio-lateral forces component obtained the most important errors (0.37 N/kg and 0.45 N/kg for each foot corresponding to 34.8% and 40.7%) which confirms the observations previously made ( Figure 6 ). Also, the GRM were in the same order of magnitude as those reported previously [10] . Considering all these results for the phases with no load, one can conclude that the method presented here reproduces similar results as in the literature in similar cases. Considering the phases with load, the RMSE for the GRF&M were quite similar. The prediction method previously validated only for the GRF&M was adapted to the addition of hand contact and for asymmetric handling tasks. Consideration of the hands contact did not introduce additional error on GRF&M prediction. The RMSE for the vertical axis of the LCF was 0.86 N/kg and 0.50 N/kg according to the load carried. These results are in the same order of magnitude as the errors found for the GRF. However, as the load mass is relatively light, the absolute error was below 6 N. In the same manner as for the GRF, the most important errors were reported on the medio-lateral forces (12.6 N and 16.9 N according to the load carried). These forces correspond to traction or compression forces applied by the subject to better grip the load. The higher error observed with the additional load could be due to the fact that the subject applied a more important force along the medio-lateral axis to ensure the stability of the load during the motion. Even if the load motion reconstruction error is not negligible, prediction results are satisfactory.
D. L5/S1 Joint Moments Estimation
The RMSE error on the L5/S1 joint moments estimation were 18.7 Nm (±11), 10.6 Nm (±7.8) and 12.6 Nm (±9.6) on sagittal, frontal and transverse axis, respectively. The associated rRMSE are 9.9% (±5.8), 8.9% (±6.5) and 37% (±36). By comparing a bottom-up and a top-down approach during handling tasks, Larivière et al. [25] reported uncertainties of 15 Nm, 8 Nm and 8 Nm for the L5/S1 joint moment estimation on sagittal, frontal and transverse axes, respectively. For a similar study, Plamondon et al. [26] reported uncertainties of 4 Nm, 4 Nm and 5 Nm along the same axes. Finally, Kingma et al. [27] observed uncertainties ranging from 3.9 Nm to 23.7 Nm on sagittal axis, 5.4 Nm to 20.5 Nm on frontal axis and 1.9 Nm to 15.2 Nm on transverse axis. The observed errors in our study are higher than uncertainties reported in the literature. However, they are of the same order of magnitude. Moreover, for the sagittal axis, the relative error was lower than 10%. This axis contains the most important moment values and is the most studied in handling tasks assessment in the literature. More important relative error was observed on the transverse axis where the moment values were lower.
Finally, the current method estimated the GRF&M and the LCF during asymmetric handling tasks with a small margin of error, and with the subject motion as a unique source of experimental data. This estimation could be used to compute kinetics variables as back loading with an acceptable error. Thanks to this method, inverse dynamics studies are not limited anymore to motions where the body is in contact with force sensors to estimate the external forces. It may be extremely useful in work tasks assessment or sport gesture analyses, opening a wide range of applications. It indicates that we can develop and analyze more complex experimental protocols with a higher level of generalizability to real tasks in a motion analysis lab.
E. Limits and Perspectives
In the current study, the prediction was based on several parameters as the number of contact points, the thresholds distance and velocity, the maximal force available at each point, the friction coefficient between the feet and the ground and the standard deviation used in the neural network. These parameters were inspired by the literature and adapted for this work. Even if this set of parameters give satisfactory results, a parametric study may be useful to improve the prediction results and increase the robustness of the method. In this spirit, Fluit et al. [10] conducted a sensitivity analysis on the thresholds distance and velocity and the maximal force available at each point. It consisted in varying the different values at 70% and 130% of their original magnitude and observing the prediction results. Such an approach may be applied to the current study. In the same manner, the locations of the contact points have an impact on the method. In this study, for each foot and for each hand, all of the contact points of a given solid were included in a unique plane (corresponding to a flat foot and an extended hand). An evolution of these contact points definitions -adding degrees of freedom or following more accurately the osteoarticular structure, could probably improve the contact model.
The proposed method was based on the subject motion obtained by an optoelectronical motion capture system. However, this kind of system is mostly available in motion analysis laboratory. In the ideal case, ergonomics studies are performed directly in the workplace. To this end, wearable motion capture systems may be used. Inertial motion capture system (as the most commonly used XSens [28] ) permits already to evaluate the handler kinematics [29] - [31] . Depth cameras are also proposed for workstation ergonomic postures assessments [32] , [33] . In the laboratory, GRF&M are predicted by using these wearable systems by using empirical functions [34] - [36] or by using a contact models on walking motions [37] - [39] . The method proposed in this paper could be extended to wearable motion capture systems and thus be used to evaluate kinetics data in the workplace.
The identification of the grip and deposit events has already been mentioned in the literature as a limitation to predict the external forces. In most cases, a force platform allows these events to be identified [14] , [35] . The use of a neural network proposed in this work permitted their identification with the subject motion only. However, elementary movements studied in this experimentation were imposed for the subject and were standardized, explaining also that the neural network had such great performances. In a workplace, handlers have more freedom to perform their motions. It implies that the grip and deposit moments are more difficult to predict with variable loads without handle. The addition of sensors as instrumented shoes [35] , [40] , [41] could allow to improve the external efforts estimation by detecting directly contact phases instead of learning them. Combining learning and measures may also be an interesting perspective to solve this issue.
Moreover, pre-grip phases are common in handling tasks. In these phases (corresponding to the uncertainty phases in this paper), the motion-based prediction method is not efficient. Added sensors seems necessary if pre-grips are specifically studied.
Finally, BSIP were here based on anthropometric tables. These parameters influence directly the external efforts estimation, thus a subject-specific estimation of the BSIP should improve their prediction [42] (particularly with subjects far from standard anthropometrics). Calibration techniques based on classical devices available in any motion analysis laboratory were developed to improve the BSIP estimation by using forces platforms [43] , [44] or image-based techniques [45] . Such methods could be associated to the external efforts prediction method to enhance its efficiency.
IV. CONCLUSION
The results of the current study showed that a prediction method based on a contact model allowed external efforts to be predicted on asymmetric handling tasks with only the subject motion. GRF&M, LCF and L5/S1 joint moments were estimated with a small margin of error. The prediction method enabled to quantitatively assess handling tasks on the basis of kinetics variables without additional instrumentation as force sensors. The workers follow-up could thus be improved by assessing the ergonomics of simulated tasks more representative of those performed in the workplace.
